Abstract. General circulation models (GCMs) have been criticized for their failure to represent the observed scales of precipitation, particularly in the tropics where simulated daily rainfall is too light, too frequent, and too persistent. Previous assessments have focused on temporally or spatially averaged precipitation, such as daily means or regional averages. These evaluations offer little actionable information for model developers, because the interactions between the resolved dynamics and parameterized physics that produce precipitation occur at the native gridscale and timestep.
tropical precipitation from ten models from the "Vertical structure and physical processes of the Madden-Julian oscillation" model-evaluation project, described in section 2.2 and shown in Table 1 , as well as 3-hr data from two satellite-derived analyses: TRMM 3B42 product, version 7A (Kummerow et al., 1998; Huffman et al., 2007 Huffman et al., , 2010 hereafter "TRMM") and the National Oceanic and Atmospheric Administration Climate Prediction Center Morphing Technique, version 1.0 (Joyce et al., 2004, ;  hereafter "CMORPH"). Both products are derived from a combination of infrared and microwave sounders and calibrated 5 against gauge data. We use TRMM and CMORPH in the domain 60
• -160
• E, 10
• S-10
• N for two periods in boreal winter 2009-10, the choice of which is described in section 2.2.
TRMM and CMORPH have a native horizontal resolution of 0.25
• ×0.25
• , which is finer than any of the models analyzed.
Because the diagnosed spatial and temporal scales of precipitation will vary with horizontal resolution, we use an area-weighted averaging method to interpolate TRMM and CMORPH to a 1.25
• ×1.25 grid, which is approximately the median resolution 10 of the models (147 km). A robust validation of any one model would require averaging TRMM and CMORPH to the model's native resolution, or preferably to a common resolution coarser than the model's native grid, as our results suggest. However, model validation is not the purpose of our study, so for clarity of presentation we compare the models to the 1.25
• TRMM and CMORPH data to indicate observed scales of precipitation at a resolution comparable to, but not exactly equal to, the models' resolution. The example diagnostics below demonstrate the effects of horizontal resolution on the scales of precipitation, using 15 0.25
• and 1.25
• CMORPH data.
We discuss the diagnostics first, as they are designed to be applied to any model or observed dataset at scales ranging from the model timestep to a sub-seasonal average, and from the gridscale to O(1000 km) regions, depending on the phenomena and scales of interest. The results we show in section 3 for timestep and 3-hr precipitation are only one example use of these diagnostics. In all our diagnostics, we scale precipitation rates to mm day −1
, since this units is commonly used in other studies.
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However, it should be remembered that a fixed value in mm day −1
equates to various rainfall intensities depending on the temporal scale considered (e.g., a 20-min timestep or a 3-hr average).
Methods

Precipitation spectra and contributions to total precipitation
To examine the precipitation intensity distribution on a given temporal or spatial scale, and its sensitivity to temporal and spatial 25 averaging, we compute the contributions of discrete bins of precipitation intensity to the total precipitation at a gridpoint. These contributions can be expressed as either a precipitation rate, where the sum across all bins gives the total precipitation rate, or as a fraction of the total precipitation rate, where the sum across all bins is unity. In the latter case, the result is a spectrum that shows the relative importance of precipitation events in a given intensity bin to the total precipitation, while the former also includes contributions from the frequency of each precipitation rate. We use 100 bins (b; mm day 
where i is the number of the bin and ln(x) is the natural logarithm of x. We add a further lower bin edge at 0.0 to ensure that a histogram computed using these bins sums to the number of valid data points in the sample.
The calculations can be performed for any input grid and temporal resolution. By calculating these contributions at each gridpoint in a region, we produce maps of the contributions of precipitation intensity bins to the total precipitation at each gridpoint. Examples of these for 3-hr TRMM and CMORPH 1.25
• data are shown in Fig. 1 . These contributions can then 5 be accumulated over a sub-region and plotted as one-dimensional (1D) histograms, allowing easy comparison of the spectral characteristics of rainfall for the sub-region across temporal or spatial scales and between datasets.
Two-dimensional histograms
To diagnose the behavior of satellite-derived and simulated precipitation between consecutive temporal intervals at a fixed gridpoint, we construct two-dimensional (2D) histograms of gridpoint precipitation in temporal interval t against precipitation • data. For a given cell (i,j), the value shown is the joint probability of precipitation 15 at a gridpoint in intensity bin i during temporal interval t and precipitation at the same gridpoint in intensity bin j during temporal interval t + ∆t. Averaging from 0.25
• to 1.25
• resolution slightly reduces the frequency of very heavy precipitation (> 180 mm day
) and near-zero precipitation, while slightly increasing the frequency of rates in between. Averaging also increases the probability of persistent precipitation in consecutive 3-hr intervals, as there are higher probabilities towards the central diagonal and lower probabilities along the axes in Fig. 2b relative to Fig. 2a . 
Correlations with distance and lag
Correlations of precipitation in space and time indicate the typical scales of convective features. To compute these, we divide the analysis domain into non-overlapping sub-regions of 7×7 gridpoints. We find the central point in each region and extract the timeseries of precipitation. Computing the instantaneous correlation between the precipitation timeseries at each point in the sub-region and the central point, then averaging the resulting 7×7 correlation maps across all sub-regions in the analysis 25 domain, creates a field of composite lag-0 correlations like those shown in Figs. 2b and 2c for CMORPH data. As expected, the correlations decrease with distance away from the central point. Correlations decrease more quickly along the diagonal axes, for which distances are greater, than along the major axes; correlations also decrease more quickly in the meridional direction than in the zonal direction, likely because the prevailing winds in our extended tropical Warm Pool domain are zonal.
Correlations are lower for the 1.25
• than for 0.25
• CMORPH data, which is expected as each 1.25
• gridpoint represents a 5x 30 greater physical distance than at 0.25
While the composite correlation maps are useful, we are interested in both spatial and temporal scales of precipitation, which requires computing lagged correlations. It would be cumbersome to produce a set of composite correlation maps, one for each comparing TRMM and CMORPH at 0.25
• resolutions. Each point represents one distance bin, plotted at the median distance for that bin; the horizontal solid lines span the minimum and maximum distance for that bin. Spatial averaging slightly increases correlations at the same distance for both TRMM and CMORPH. Estimates of the spatial scale of precipitation features from a finer-resolution dataset will be lower than those from a coarser-resolution version of the dataset.
To compare temporal correlations of precipitation, we use the mean auto-correlation of precipitation at all gridpoints within 5 the analysis domain. Fig. 3b shows an example of this analysis, again for TRMM and CMORPH; each point represents one timestep in the input dataset. Spatial averaging also increases estimates of the temporal scale of precipitation features.
Spatial and temporal averaging
To assess the sensitivity of sub-daily precipitation variability to the choice of spatial and temporal scale, we compute many of the above diagnostics using not only precipitation at a model's native gridscale and timestep, but also precipitation that has 10 been averaged in time or space or both. For all models, we average timestep precipitation to 3-hr means for ease of comparison with TRMM and CMORPH. For all models and TRMM and CMORPH, we use an area-weighted method to average gridscale precipitation onto a common 5.6 • ×5.6
• grid that is approximately four times coarser than the coarsest-resolution models used in this study. Using this grid, rather than the native grid of the coarsest-resolution models, ensures that all models are subject to some degree of spatial averaging, which our results show can substantially impact sub-daily precipitation statistics. 
Models
We obtained gridpoint, timestep precipitation data from ten of the 12 models that participated in the two-day hindcast component of the "Vertical structure and physical processes of the Madden-Julian oscillation (MJO)" model-evaluation project (Xavier et al., 2015) . The project was organised by the Global Atmospheric Systems Studies (GASS) panel, While the period of the hindcast experiments is relatively short, this is the only known multi-model dataset of timestep output from full-physics GCMs on the models' native grids. In addition, the dataset includes tendencies of temperature, humidity and winds from the individual sub-gridscale physical parameterizations in these models. While we do not consider these tendencies here, they represent a useful avenue for further research into the causes of the model behavior shown here.
For the GASS/YoTC models, TRMM and CMORPH, Table 2 gives the number of 7×7 sub-regions, the number of 1500×1500 km 5 sub-regions and the dimensions of the 1500×1500 km sub-regions in native gridpoints.
Results
In all figures, we order the GASS/YoTC models alphabetically by abbreviation (Table 1) except that we place MetUM-GA3
first. MetUM-GA3 often displays behaviour distinct from the other models. Because of the attention paid to MetUM-GA3 in our discussion, and because MetUM is the subject of our future work, we choose to separate this model to emphasize its unique 10 behaviour.
Behavior on the native grid and timestep
Two-dimensional histograms (section 2.1.2) reveal that the GASS/YoTC models vary considerably in their levels of temporal variability in gridpoint, timestep tropical precipitation (Fig. 4) . On these diagrams, high probabilities along the central diagonal indicate persistent precipitation rates on consecutive timesteps at the same gridpoint. Low probabilities along the diagonal 15 and high probabilities in the lower-right and upper-left quadrants, close to the axes, identify intermittent precipitation at a gridpoint: high probabilities in the lower-right quadrant indicate that moderate or heavy precipitation is often followed by light or no precipitation, while high probabilities in the upper-left indicate that light or no precipitation is often followed by moderate or heavy precipitation. MetUM-GA3 is by far the most "temporally intermittent" model by this measure. The 1D
histogram suggests that MetUM-GA3 oscillates between lighter (< 9 mm day −1
) and heavier (> 30 mm day
) rain rates,
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with almost no instances of moderate rates (9-30 mm day
−1
). Heavier precipitation almost never persists for more than one timestep, while light or near-zero precipitation is much more likely to be followed by light or near-zero precipitation on the next timestep. This behavior suggests that when MetUM-GA3 triggers convection, if that convection is strong, the convection alters the thermodynamic profile such that it is highly unlikely that strong convection will be triggered on the next timestep.
The bi-modal 1D histogram suggests that most deep convection in MetUM-GA3 is strong.
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Among the other models, CNRM-AM, GISS-E2, SPCAM3, ECEarth3 and CanCM4 show some degree of timestep intermittency in precipitation. Unlike MetUM-GA3, however, all of these models have higher values on the central diagonal than away from it (i.e., the most likely value of precipitation at one gridpoint and timestep is the value of precipitation at the same gridpoint on the previous timestep). CNRM-AM and CanCM4 show behavior most similar to MetUM-GA3, with probabilities on the abscissa and ordinate axes that are nearly as high as those on the central diagonal. In CanCM4, the 2D PDF is almost 30 uniform for rates < 60 mm day
, suggesting random behavior; rates ≥ 60 mm day
are more persistent.
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In contrast, GEOS5, MRI-AGCM, CAM5 and MIROC5 are "temporally persistent" models, in which gridpoint precipitation at one timestep is highly correlated with precipitation at the next timestep. These models maintain this behavior across the spectrum of intensity, such that even very heavy precipitation is much more likely to be followed by very heavy precipitation than by light or near-zero precipitation. This implies that in these models, strong convection does not result in a stable profile that inhibits convection on the next timestep. We note that there is no correspondence between the length of the model timestep 5 and temporal intermittency in precipitation: of the six models with 30-min timesteps (Table 1) , three are relatively intermittent (CNRM-AM, GISS-E2 and SPCAM3), while three are relatively persistent (MRI-AGCM, CAM5 and MIROC5).
To evaluate spatial coherence of timestep precipitation and temporal variability at lags > 1 timestep, we use the diagnostic of the average correlation with distance and lag described in section 2.1.3 (Fig. 5 ). All models show decreasing correlations with distance from the central point and with temporal lag, as expected. Despite having the finest horizontal resolution, MetUM-
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GA3 produces the lowest correlations of any model in space and time. All other aspects being equal, horizontal resolution should increase spatial correlations when measured as a function of ∆x, as seen in Fig. 2 for CMORPH. The lag-1 correlation at the central gridpoint is slightly negative. The correlation then increases at subsequent lags, reaching a maximum at lag-4.
CNRM-AM also shows a lag-1 minimum in the auto-correlation of timestep precipitation, but the lag-1 correlation is still strongly positive in that model (0.683). MetUM-GA3 also shows very low spatial coherence: the instantaneous correlation of 15 precipitation at the central gridpoint with the precipitation at points 0.5-1.5∆x away is not statistically significant at the 10% level (r=0.13; p∼0.15). This implies that timestep precipitation in MetUM-GA3 cannot be reliably predicted from precipitation at neighboring gridpoints at the same timestep, or from previous timesteps at the same gridpoint; it is quasi-random. CanCM4 displays similar behavior, with a instantaneous correlation of only 0.17 between the central point and points 0.5-1.5
CanCM4 has a ∆x that is approximately five times longer than MetUM-GA3, however. Indeed, with the exception of MetUM-20 GA3, models with coarser horizontal resolution (GISS-E2, SPCAM3, CanCM4) tend to show lower spatial correlations than models with finer resolution (GEOS5, CAM5, MRI-AGCM). This may be expected, since the physical area of the 7×7 boxes considered for this diagnostic will be far larger in the coarser-resolution models than in the finer-resolution ones. Naïvely, one would expect a larger area to have more spatially heteorogeneous large-scale forcing, and hence less coherent precipitation.
This hypothesis is difficult to confirm with such a wide variety of GCMs-which differ in many respects beyond horizontal 25 resolution (e.g., sub-gridscale parameterizations)-and suggests the need for resolution-based sensitivity experiments with a single model. MetUM-GA3 the correlation remains lower the other models for the remainder of the 3-hr period considered.
With the exception of MetUM-GA3, the models exhibit similar rates of decline in precipitation coherence with increasing distance. Models which show relatively higher correlations in first distance bin (CAM5, GEOS5, MIROC5, MRI-AGCM3) tend to have relatively higher correlations at longer distances; models with relatively lower correlations (CanCM4, CNRM-AM, SPCAM3) also maintain that behavior. The same is true for the decrease in correlation with increasing lag. There is a
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Even after removing MetUM-GA3 as an outlier, it is obvious that the remaining models exhibit a broad range of spatial and temporal coherence in their precipitation features on the native grid and timestep. Next, we consider whether these timestep and gridpoint characteristics influence the models' behavior at on longer and larger scales. 
Effects of temporal averaging
We begin by considering the impact of averaging from timestep to 3-hr data on the distributions of precipitation intensity in the GASS/YoTC models, using histograms of the fractional contribution from each of the precipitation bins defined in eq. 1 to the total precipitation (Fig. 7) . As in Fig. 4 , the timestep histograms demonstrate the range of precipitation intensities produced by these models, with MetUM-GA3 generating almost all of its precipitation from intense timestep events >100 mm day −1
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( Fig. 7a) . Maps of contributions to the average precipitation rate confirm that this is true across most of the domain (Fig. 8a) , not just in the regionally-aggregated statistics. Most of the other models produce the majority of their precipitation from 10-100 mm day
timestep events, including ECEarth3, which favors the 10-50 mm day
intensity range over most of the Warm Pool (Fig. 8b ). There are no relationships between the preferred intensity of precipitation and timestep length or horizontal resolution.
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When all data are averaged to a common 3-hr resolution, the differences between the models reduce considerably (Fig. 7b ).
While averaging barely affects the histogram for some models (CAM5, CNRM-AM, GEOS5, MIROC5), for other models averaging shifts the PDF considerably (CanCM4, MetUM-GA3, SPCAM3). For this latter set of models, the dominant effect is to reduce the contributions from heavy precipitation (>100 mm day
) and increase the contributions from moderate precipitation (10-50 mm day
−1
). This is the expected result for averaging a random process, but it is not clear that timestep 20 precipitation within a 3-hr window should be random. The effect is clearly greatest for MetUM-GA3, which has very low temporal coherence of timestep precipitation and a short timestep (i.e., more timesteps are averaged together to produce the 3-hr average). The models least affected by temporal averaging are those with persistent timestep precipitation rates (e.g., CAM5, MIROC5). All models produce a narrower histogram with a sharper peak for 3-hr means than for timestep data. Combined with the reduction in the inter-model spread with temporal averaging, the narrower histograms demonstrates that analysing 25 only averaged precipitation hides a wide variety of model behavior at the timestep level.
For a temporally intermittent model like MetUM-GA3, temporal averaging can have a powerful effect on conclusions about the dominant precipitation rate. MetUM-GA3 produces nearly all of its precipitation in timesteps with ≥ 100 mm day events. This could have important implications for parameterization development.
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This issue does not affect a temporally persistent model like ECEarth3, which at the timestep and 3-hr scale generates most of its precipitation from 10-50 mm day
While there were no observation-based constraints on timestep rainfall, at the 3-hr scale we compare gridpoint data from the models to 1.25
• TRMM and CMORPH data. Both TRMM and CMORPH produce histograms that are broader than the models' histograms and which peak at heavier precipitation rates. This suggests that, over the relatively short hindcast period, all of the models produce their precipitation from too-frequent, too-light 3-hr events (Fig. 7b) . However, as noted above, the model 3-hr histograms do not represent the full range of timestep precipitation rates.
Two-dimensional histograms of 3-hr data ( Fig. 9 ) demonstrate that averaging reduces, but does not eliminate, the variations in temporal intermittency among the models seen in the timestep data. Models with higher temporal intermittency in timestep ) precipitation, since these moderate precipitation values are completely missing from the 10 timestep PDF (Fig. 4a ). This supports the results from the 1D histograms (Fig. 7) . The reduced intermittency at the 3-hr scale may be most clear in MetUM-GA3 because the timestep intermittency was so strong, or because of the shorter timestep in
MetUM-GA3 relative to the other intermittent models, which increases the effect of the averaging because more timesteps are combined.
Conversely, models with more persistent timestep precipitation (e.g., GEOS5, MRI-AGCM, CAM5 and MIROC5) display 15 greater intermittency for 3-hr means. As for the more-intermittent models, this can be explained with a "regression to the mean" argument: averaging several timesteps of a less-intermittent model introduces variability into the 3-hr timeseries from the occasional deviation of the timestep precipitation away from the central diagonal in Fig. 4 . These models show much smaller changes in the 1D histogram between the timestep and 3-hr scales, relative to the intermittent models, which suggests that the 3-hr values arise from many timesteps with rates close to the 3-hr mean. Again, this supports the results from the 1D 20 histograms.
With the exception of MetUM-GA3, it is clear that models with longer timesteps tend to show greater intermittency in 3-hr precipitation. This is likely because in these models, fewer timesteps have been combined to create the 3-hr mean. Since sub-daily precipitation data (e.g., 3-hr means or timestep values sampled every 3-hr) are often used in studies of extreme events, such as tropical cyclones, it is worth noting this apparent correlation between model timestep length and variability 25 in precipitation rates, which could introduce sampling uncertainty into these studies. We find no relationship between spatial resolution and temporal intermittency in 3-hr precipitation.
All models show much greater persistence in 3-hr precipitation than TRMM ( Fig. 9a ) and CMORPH ( Fig. 9b ). SPCAM3, ECEarth3 and CanCM4 are perhaps closest to TRMM and CMORPH, but are still more persistent. The variations in spatial resolution among the models, and between the models and TRMM and CMORPH, make it difficult to compare the 2D PDFs 30 directly, however. Section 3.4 revisits the comparison between the models and the satellite-based analyses using precipitation data that has been interpolated to a common horizontal grid. We note that there are also differences between TRMM and CMORPH over this short period: CMORPH displays more frequent light precipitation than TRMM, which has been shown to under-detect light rainfall (Huffman et al., 2007, e.g.,) ; TRMM is more intermittent than CMORPH. Even given the uncertainty in the satellite-based analyses, however, all models show greater temporal persistence than the analyses. the spatial scale for all models, but most dramatically for MetUM-GA3, although that model still has relatively low spatial correlations. All models display higher correlations (greater coherence) than TRMM and CMORPH at distances shorter than 300 km, after which the TRMM and CMORPH correlations become statistically insignificant at the 5% level (r < ∼0.2).
CMORPH has slightly larger precipitation features than TRMM.
5
We do not show lagged auto-correlations for 3-hr precipitation to avoid complications from the strong diurnal cycle of tropical precipitation, which is often poorly represented in models.
Effect of spatial averaging
To investigate the effects of spatial averaging, we area-average timestep data from all models to a common 5.6
• ×5.6
• (approximately 620 km) horizontal grid that is four times the resolution of the coarsest models (SPCAM and CanCM4). Spatial 10 averaging reduces timestep intermittency in all models ( Fig. 11 ). As for averaging to 3-hr means, spatial averaging reduces the intermittency most strongly in those models which either (a) have high levels of intermittency at the gridscale (e.g., MetUM-GA3, CNRM-AM, SPCAM3) or (b) have finer native resolution, as more gridpoints are averaged to create each 5.6 • ×5.6
• box (e.g., MetUM-GA3, GEOS5, CAM5, MIROC5). Both (a) and (b) apply to MetUM-GA3, so it is not surprising that spatial averaging substantially reduces temporal intermittency. At the 5.6
• scale, MetUM-GA3 is still one of the most intermittent 15 models, but while it was an outlier at the gridpoint scale, it is now largely indistinguishable from the other intermittent models (e.g., CanCM4, GISS-E2, SPCAM3). The other intermittent models have a much coarser native resolution than MetUM-GA3, however (Table 1) , which means that those models have not "benefited" from combining as many gridpoints. This suggests that using a common horizontal grid or a common timescale does not necessarily create a fair comparison between models, due to differences in the number of points or timesteps, respectively, that are combined to create the average.
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At the 5.6
• scale, the 1D histograms of precipitation (dashed lines on Fig. 11 ) and the spectra of precipitation contributions ( Fig. 12a ) become strikingly similar among the models, despite the variety of timestep lengths (12-60 min). This suggests that, when averaged over a broad enough region, these models produce similar spectra of timestep precipitation, even though the spectra of native-gridpoint precipitation varies considerably. For instance, the comparison of Fig. 4a and Fig. 11a suggests that MetUM-GA3 likely has only a few precipitating gridpoints in each 5.6 • ×5.6
• region, but that those points show very heavy 25 precipitation (e.g., 90-130 mm day
), as indicated in Fig. 7a . In MetUM-GA3, the difference between a 5.6 • ×5.6
• region with relatively light (e.g., 5 mm day
) and relatively heavy (e.g., 30 mm day
) precipitation is likely that the latter region has a few more gridpoints with very heavy precipitation than the former. By contrast, the comparison of Fig. 4f and Fig. 11f , and the similarity of the MIROC5 spectra in Figs. 7a and 12a) implies that MIROC5 has many precipitating gridpoints in each 5.6 • ×5.6
• region, most of which have a precipitation rate similar to the average for the region. Models for which spatial
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averaging results in little change in the 2D and 1D histograms are likely to have more spatially coherent precipitation, at least within a ∼5
• region, than models for which spatial averaging causes large changes in the character of timestep precipitation. We do not show correlations with distance for the spatially averaged data, as those correlations rely on 1500 km×1500 km sub-regions that contain only ≈4 5.6 • ×5.6
• gridpoints. Larger sub-regions are not possible as the dataset spans only 20
• latitude. However, this could be done for larger (e.g. global) datasets or for individual models with higher spatial resolution.
Effect of spatial and temporal averaging
Combining spatial and temporal averaging produces the cleanest comparison possible among the models and between the 10 models and TRMM and CMORPH, but at the expense of masking the timestep and gridpoint variability from Fig. 4 . Histograms of precipitation intensity show that 3-hr averaging of the spatially-averaged data further reduces the differences between the models' intensity spectra, as well as between the models and TRMM and CMORPH (Fig. 12 ). Most models still produce toofrequent precipitation at lighter rates than TRMM and CMORPH, even when analyzed on a common grid (Fig. 12c) , a result which is emphasized by taking the difference between the models' spectra and the CMORPH spectrum (Fig. 12d) . Differences 15 between the models and TRMM are similar (not shown). All models except GISS-E2 generate too much of their precipitation from light events and too little from heavy events.
• and 3-hr scale, the models also produce remarkably similar levels of temporal coherence, as well as highly similar precipitation PDFs (Fig. 14) . All models show low levels of intermittency, with maxima in the 2D histogram along the central diagonal and minima along the ordinate and abscissa. The similarities are particularly notable given the wide variety of 20 behavior seen at the timestep and gridpoint level. Even MetUM-GA3 produces a 2D histogram a precipitation PDF that agrees well with the other models. At these scales, the models also agree with TRMM and CMORPH, although all models remain slightly more persistent than the satellite-based analyses.
The convergence of model behavior at the ∼600 km, 3-hr scale, combined with the close agreement with TRMM and CMORPH, implies a natural compensation in these models at the gridpoint and timestep level between the spatial and temporal 25 intermittency in precipitation and the precipitation PDF. In other words, it seems that the models "adjust" the frequency and intensity of precipitation at their native resolutions to maintain an appropriate distribution of tropical precipitation at the broader ∼600 km and 3-hr scales. We hypothesize that these broader scales represent those at which these models maintain radiativeconvective equilibrium in the tropics, in which the average convective heating balances the average radiative cooling. At finer and shorter scales, the models have sufficient degrees of freedom to produce the broad spectrum of behavior seen in Fig. 4   30 and Fig. 5 , while maintaining this equilibrium at longer and larger scales. Therefore, it appears that the nature of the timestep, gridpoint variability does not substantially affect the distribution of precipitation or its variability at the ∼600 km and 3-hr scales. However, it remains unclear whether a model's timestep, gridpoint behavior influences other aspects of the simulation (e.g., through interactions between convective heating and the resolved dynamics). We discuss this further in section 4. Our diagnostics reveal that analyzing temporally or spatially averaged precipitation can hide a wealth of information about model behavior on the native gridscale and timestep. This is true even for relatively small averaging scales, such as 3-hr means or 2×2 gridboxes (our 5.6
• × 5.6
• regions were 4× the gridscale of the coarsest resolution models in our dataset). Analysis of gridpoint, timestep precipitation is critical for developing sub-gridscale parameterizations, since these are the scales at which 5 the parameterizations interact with the resolved dynamics. Such analysis can identify potentially undesirable characteristics, such as the strong spatial and temporal intermittency in convection in MetUM-GA3. Nearly all of the convection in MetUM-GA3 is very strong, producing precipitation rates >100 mm day −1 on a timestep (Fig. 7a) ; also, convection is often isolated to a single gridpoint and timestep (Fig. 5a ). Although there are no verifying observations for our timestep data, it is difficult to believe that this behavior is representative of oceanic tropical convection. These intense, isolated precipitation features must 10 be associated with intense, isolated column heating. Over a sequence of timesteps, this behavior produces a "checkerboard"-style spatial pattern of heating that shifts from one timestep to the next as gridpoint convection triggers quasi-randomly. It is not clear whether the model dynamics respond to this strong gridscale heating, or only to the average heating over several gridpoints and timesteps, but gravity waves triggered by the intermittent heating in one column may influence the likelihood of convection at neighboring gridpoints on subsequent timesteps, disrupting convective organization and the propagation of 15 waves with longer periods and larger horizontal scales (e.g., Kelvin waves, the MJO). Understanding the controls on spatial and temporal intermittency in MetUM convection, as well as the influences of that intermittency on the model dynamics, tropical convective variability and the mean state, are all active areas of further research inspired by our diagnostics.
Although MetUM-GA3 is the most intermittent model in our study, CNRM-AM, CanCM4, GISS-E2, ECEarth3 and SP-CAM3 display varying degrees of intermittency (Fig. 4) . It is likely that all of those models have a self-limiting character to 20 their convective parameterizations, such that the effect of convection on one timestep reduces the probability of convective for one or several subsequent timesteps. Preliminary analysis of MetUM-GA3 (not shown) suggests that convection on one timestep produces downdraft cooling that stabilizes the vertical temperature profile near the lifting condensation level (LCL), the stability across which is used in the diagnosis of deep convection (i.e., to diagnose deep convection, the parcel must be able to ascend through the LCL). Although instability may remain aloft, the model is unable to convect on subsequent timesteps 25 until the profile again becomes unstable at the LCL. There are a variety of mechanisms by which a parameterization can be self-limiting, which will depend on the precise design of the parameterization; a detailed examination of the convective parameterizations of ten GCMs is outside the scope of this study, but our analysis of this behavior may be of interest to individual modeling centers to understand and improve their parameterizations.
On the gridpoint and timestep scale, the worlds simulated by these models are definitely not "dreary" (e.g., Stephens et al., 30 2010), at least over the Warm Pool domain considered here. In most models, the total precipitation consists of a variety of timestep rates that span 1-100 mm day
, with most precipitation falling in timesteps with precipitation rates > 10 mm day −1 (Fig. 4a) . Only when the timestep data are averaged to 3-hr means do the precipitation spectra begin to collapse to be lighter ( Fig. 4b ) and more persistent (Fig. 9 ) than in the satellite-derived analyses. The narrower spectra arise from the tendency for one timestep with heavy precipitation to be followed by several timesteps with no precipitation; the persistence of 3-hr rain rates suggests that the timestep intermittency occurs consistently in each 3-hr window. These results imply that the self-limiting character of a model's convection, displayed through temporal intermittency in timestep precipitation, prevents the model from producing enough consecutive timesteps of heavy precipitation, or enough consecutive timesteps of no precipitation, to generate a broader distribution of 3-hr mean rates. An observer stationed on an island in the Warm Pool in many of these 5 models would be constantly dodging intense, short-lived downpours, not standing in the persistent light rain implied by past studies' analysis of 3-hr or daily mean data.
Much of our analysis has focused on timestep and gridpoint data from GCMs, the formulations of which include spatial and temporal smoothing (either implicitly or explicitly), as well as truncation errors, both of which lead to an underestimation of energy on the smallest resolved scales. Previous studies have found that the "effective resolution" of a GCM-the scales at 10 which the truncation and smoothing have no effect, or zero power-is several times the native resolution (e.g., Skamarock, 2004; Frehlich and Sharman, 2008; Larsén et al., 2012) , such that the timestep, gridpoint data are unreliable and should be discarded. While we do not argue with the conclusions of those studies, we believe that it remains important to examine the characteristics of native-resolution data for several reasons: (a) to inform parameterization development, as discussed above; (b) to understand the effects of intermittency on these scales, however under-resolved, because that intermittency may influence 15 the larger and longer scales in a GCM; and (c) because despite previous conclusions on effective resolution, the scientific community is increasingly using gridscale, instantaneous output from models with ever-finer horizontal resolution to study extreme events and their responses to natural variability and anthropogenic climate change (e.g., Kendon et al., 2014).
We used 2-day hindcasts from the "Vertical structure and physical processes of the MJO" model-evaluation project, which is the only known source of timestep, gridpoint precipitation data from many contemporary models. However, this dataset has The analysis in section 3 is only one potential use of these diagnostics. Understanding the spatial and temporal characteristics of precipitation is important for a variety of applications. Computing precipitation spectra (Fig. 7 ) and 2D histograms (Fig. 4) for daily-mean or pentad-mean precipitation from models and observations could give insight into the simulated levels of synoptic and intraseasonal variance in a particular region, for instance the active and break periods of the major monsoons.
Spatial maps of contributions from sections of the precipitation spectra (Fig. 8 ) could aid understanding of whether biases in 35 simulated mean precipitation are due primarily to biases in frequency or in intensity. Spatial and temporal coherence diagnostics (Fig. 3 ) may provide information on convective aggregation, which is important for tropical cyclones and the MJO. All of these diagnostics could be used to compare precipitation characteristics from simulations of the same model at various horizontal resolutions, or with perturbations to one or several parameters, to assist model development and assessment. We believe that these diagnostics will be useful primarily on sub-monthly and sub-2000 km scales, as larger and longer scales are likely 5 dominated by the seasonal cycle rather than the individual synoptic or mesoscale systems that produce precipitation.
When comparing datasets with different spatial and temporal resolutions, it is commonplace to average all data to the resolution of the coarsest dataset. However, our results show that any spatial or temporal averaging can alter precipitation characteristics, such that it is unfair to compare a lower-resolution dataset at its native resolution to a higher-resolution dataset that has been averaged to the lower resolution. Instead, we recommend comparing the datasets at their native resolutions-to 10 understand the behavior of each dataset-as well as at a common resolution at least 2× (in each direction) that of the coarsest dataset in space and time. This is still not a clean comparison because the effects of averaging increase with the number of points combined (up to some asymptotic limit), but at least it allows both datasets to "experience" some averaging in space and time.
Conclusions
15
We have developed a range of diagnostics to identify the spatial and temporal characteristics of precipitation in observations and GCMs; these diagnostics form a small software package, "Analyzing Scales of Precipitation" version 1.0 (ASOP1). The ASoP1 diagnostics are designed be applied to sub-monthly data at horizontal resolutions O(1000 km) or finer, to assess precipitation variability associated with phenomena ranging from individual cloud systems to mesoscale weather systems and synoptic fronts. The diagnostics are motivated by the increasing attention paid to the simulation of local and regional hydrological 20 extremes in fine-resolution GCMs-which often requires gridscale, instantaneous precipitation data-while model evaluation has remained focused primarily on monthly and seasonal accumulations. Sub-gridscale parameterization development requires information about the spatial and temporal variability of precipitation at the native gridscale and timestep, since these are the scales at which the parameterizations operate. The ASoP1 diagnostics include 1D histograms and spatial maps of the contributions of intensity ranges to the total precipitation (e.g., Fig. 7 and Fig. 8 ); 2D histograms of precipitation rates at the 25 same gridpoint on consecutive time intervals (e.g., Fig. 2a) , which show the temporal persistence of precipitation; the average correlation of precipitation at a range of distances and temporal lags, correlated against precipitation at a central gridpoint (Fig. 2c) , computed by dividing the analysis domain into a series of non-overlapping sub-regions (e.g. , Fig. 2b) ; and average correlations as a function of either physical distance (in km) or time, with which one can compare datasets with different spatial and temporal resolutions (e.g., Fig. 3 ).
30
To demonstrate the value of these diagnostics, we apply them to ten models from the "Vertical structure and physical processes of the MJO" model-evaluation project (Table 1) , which collected timestep data at the native model horizontal resolution over an extended Warm Pool domain (10
• N, 60
• E) from 44 2-day hindcasts during two strong MJO events in boreal winter 2009-10. At the timestep and gridscale, some models produce precipitation features that are highly coherent in space and time, while others produce intermittent precipitation that resembles uncorrelated noise (Fig. 4) . MetUM-GA3 is the most intermittent model, with a weakly negative lag-1 auto-correlation of timestep precipitation and no statistically significant correlations between precipitation at neighboring gridpoints (Fig. 6) . We found no relationship between the level of intermittency and either horizontal resolution or the length of the model timestep. Intermittent models tend to produce more of 5 their total precipitation from very heavy events-often exceeding 100 mm day (Figs. 7 and 8 ). Strong and highly intermittent convection, such as that in MetUM-GA3, will be associated with strong and intermittent column heating, which may interact with the resolved dynamics, affecting the spectrum of tropical wave activity and even the mean state. The effects of this intermittency remain unclear, but are an active area of research. The 10 fact that five of the ten GCMs in this study produce heavy timestep precipitation rates, interspersed by timesteps of little or no precipitation, contradicts the common criticism that GCMs simulate a "dreary state" in the tropics of continual light precipitation, which arose from studies that analyzed 3-hr or daily averaged precipitation (e.g., Stephens et al., 2010) . In fact, many models continually produce short-lived, intense downpours throughout the Warm Pool.
Averaging timestep, gridscale data in either time (to 3-hr means) or space (to 5.6 • ×5.6
• ) considerably reduces inter-model 15 variations in the spatial and temporal scales of precipitation (Figs. 10 and 13), as well as in the spectra of precipitation intensities (Fig. 7) and the temporal persistence of precipitation rates (Figs. 9 and 11). This is because spatial or temporal averaging has a greater effect on intermittent precipitation than on persistent precipitation. When compared to TRMM and CMORPH satellite-derived precipitation analyses over the same period and domain, all models produce 3-hr precipitation features that are too broad and too persistent, despite the fact that many of those same models produce timestep precipitation features that 20 are isolated in both space and time (Fig. 10) . This emphasizes that averaging in either space or time can hide a wealth of information about the intrinsic behavior of GCMs.
Averaging 3-hr data from the models, TRMM and CMORPH to a common 5.6 • ×5.6
• grid improves the agreement among the models, as well as between the models and the satellite-derived analyses (Figs. 12 and 14) . We hypothesize that the strong agreement among the models indicates that these are the scales at which the models maintain radiative-convective equilibrium 25 over the tropical Warm Pool. This convergence of model behavior may be enhanced by the fact that these data are from short (2-day) forecasts initialized from the same ECMWF analyses, which means the models should have more similar radiativecooling profiles than they would if the data came from free-running climate simulations.
These results represent only one possible use of the ASoP1 diagnostics, which we believe will be useful for model development and evaluation at longer (e.g., daily, synoptic) and larger (e.g., regional averages) scales, as well as at the native gridpoint 30 and timestep. In particular, these diagnostics would be ideal for understanding the effects of horizontal resolution and changes to physical parameters on the simulated spatial and temporal scales of precipitation, and for comparing the characteristics of precipitation and their representation in models in different tropical regions. • data, the fractional contribution to the total precipitation rate from ranges of intensity bins shown in the labels above each panel. For each dataset, the sum of each column is unity.
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Distance from central gridpoint (km) Probability of precipitation in bin Figure 11 . As in Fig. 4 , but using timestep rain rates that were first spatially averaged to a 5.6 • ×5.6
• horizontal grid. 
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